Abstract. The goal of this chapter is to give an overview of recent works on the development of social link-based recommender systems and to offer insights on related issues and the future direction. Among several branches of social recommendations, specifically, this chapter focuses on recommendations, which are founded on users' self-defined (i.e., explicit) social links and target to suggest desirable items, not social links of interests. This chapter provides a brief overview over the technical needs for social link-based recommendations and the studies explaining the viability of users' social networks as useful information sources from a social science point of view. Then, the in-depth understanding of existing recommendations based on users' social links will be addressed. Lastly, various issues and future directions of social link-based recommendation research are put forward.
Introduction
The remarkable popularity of social media encourages web users to participate in various online activities and to generate data on an unprecedented scale. Given exponentially growing social media data volumes, personalized recommendation technologies have proven the effectiveness as a solution of the information overload problem; have offered positive user experiences with more relevant contents; and have presented competitive advantage to the social media business [119] . As predictive analysis of online users' tastes, recommendation technology adaptively filters out unnecessary data and selectively chooses presumably favorable information according to users' preferences. At odds with the original principle of personalized recommendations, which is to give users control of information access, however, the typical and most popular collaborative filtering recommendation technology performs all steps autonomously and allows no room for users to get involved in information personalization of their own. The lacking user involvement causes several problems (illustrated in Section 12.3.1), and many researchers have called attention to solutions to improve the quality of typical recommendation technology and to cope with the relevant problems. Among the several streams of research to develop the solutions, one important evolution is to take advantage of users' self-defined online social networks and proposes to generate recommendations based on users' social linkssocial link-based recommendations. The idea to utilize users' online social links as a foundation of recommendation is undoubtedly spurred by the recent phenomenon of online social networks.
Compared with the era when web users stayed in isolation, a number of social media systems have been adapting online sociability, helping users to find people of interest, and as well as encouraging them to socially associate with people of interest. In fact, web users' active and eager participation on social media are intrinsically motivated by not only personal desire for information management and knowledge acquisition but also social desire for engagement and communication with their people [95] . Online users have been participating in social media as an essential part of their everyday lives and share numerously resources with their social links, for instance, movies to watch, books to read, academic papers to refer to, bookmarks to explore, music concert to enjoy, etc. Online social links provide a rich source of useful information and knowledge and in turn, are used to propagate various kinds of information [138] . According to prominent social science theories -homophily and social influence introduced in Section 12.3.2 -we have a strong tendency to associate and bond with others who are similar to us, and are affected by our social links. It causes changes of our attitudes, beliefs and behavioral propensities [22] . In seeking useful sources to enrich users' information preference model and to acquire desirable information for personalized recommendations, several researchers often have considered users' online social links. Therefore, central to this chapter is to give a general description of existing social link-based recommendation technologies and to discuss the related problems.
More specifically, the focus of this chapter lies on recommendations, which are founded on users' self-defined (i.e., explicit) social links and target to suggest desirable items, not social links of interests. Because social recommendations is actively evolving field of research, depending on the purpose of each study, researchers have been investigating social recommendation technologies in various ways. For instance, the studies constituting 'social recommendations' include recommenders to utilize implicitly inferred social links as its foundations of recommendations; to suggest person(s) to be connected (as introduced in Chapter 16 [16] ); or to recommend items to a group of users (For more detailed explanations about various kinds of social recommendations, refer to section 12.2). Through personalized recommendations of items based on users' explicit social networks, we will examine how researchers harness the power of users' various social interactions and the resultant social phenomenon (e.g. information influence, homophily, information cascade, etc.) in personalizing users' information spaces and substantiate the importance of online explicit social networks as information source.
The rest of the chapter is organized as following: Section 12.2 systematically reviews various ways to employ online social networks for personalized recommendations. The next Section discusses the challenges of traditional collaborative filtering technology and provides rationale for using online social links as feasible information source. Sections 12.4 and 12.5 provide an overview of multiple aspects of social link-based recommendations including algorithms. Section 12.6 discusses other issues related to social link-based recommendations.
A Range of Definitions of Social Recommendations
Given widely ranging definitions of social recommendation studies, before we embark on a discussion of social link-based recommendations, it is worth taking a look at various streams of the related research and necessary to more clearly limit the scope of social link-based recommendation technologies to be considered in this chapter. Because personalized recommendations on social media is the currently evolving matter [113] , existing works have studied this topic in diverse ways. For instance, one direction of research focuses on generating recommendations of information items, while another direction focuses on recommending people to connect with or groups to join. The kinds of social networks used in recommendations also vary; ranging from explicit social connections among humans to artificial networks of intelligent machines. Considering the target information of recommendation and the types of social links used for recommendation, we could classify social recommendation research into the following five directions.
• Item recommendation using users' explicit (i.e. self-defined) social links
• Item recommendation using users' implicit social links
• Recommendations of trustworthy communication partners (i.e. machines) using artificial links
• People recommendation
• Item recommendation without social links The studies belonging to the first direction exploited social links explicitly created by target users as the foundations for their recommendations. The explicitly defined social connections are important because the connections develop social phenomena through social interactions, as introduced in the previous section. That is, once users establish social connections explicitly, they tend to pay attention to their partners' online activities. Hence, users are easily affected by their social connections. Then, recommender systems are able to take advantage of social interactions and the resultant social phenomena in personalization processes. The typical collaborative filtering recommendations assume that the roles of all users in a recommender system are equal, in turn, 'role uniformity [121] .' However, generating recommendations and accepting the suggestions is decision making process. Every user has different interests, knowledge, and especially different social context and social roles. For this reason, target users (i.e. recipients of recommendations) expect transparent explanations about where the recommended information comes from. This chapter mainly focuses on this kind of social recommendations.
As the second kind, there are several recommendation studies based on users' implicit social links. Implicit social connections mean that user-to-user links are inferred by users' various online interactions (e.g. reviewing same products, commenting on same items, befriending with similar group of people, etc.) and recommendations should be individual users; 3) the personalization should take into account the opinions of users' social networks; and 4) users should explicitly define their social networks.
Background

Challenges of the Traditional Collaborative Filtering Recommendations
Collaborative filtering is currently the most popular among several core recommendation technologies. Envisioned originally as 'word-of-mouth' automation [107] , it starts with finding a neighborhood of likeminded users (known as peers) who have similar interests to a target user (i.e. a recipient of recommendations) and then recommends items favored by the peers to the target user. An extensive review of rating-based collaborative filtering can be found in Chapter 10 of this book [61] . The inherent ability of collaborative filtering to harness ratings of multiple automatically identified peers (who are not even known to the target user) gives this technology an impressive power, while also serving as a source of several recognized problems [11] .
The first problem is a striking vulnerability of collaborative filtering to shilling attacks and copy-profile attacks. In order to reinforce their own ratings and intentionally distort recommendation predictions toward their aiming directions, a malicious user can create multiple bogus user profiles and insert fake user-item ratings. It will give them a capability to promote or defame a certain product. It is referred to as 'shilling attack' [48, 148, 143] . A malicious user who wants to wickedly affect recommendations given to a specific user, can create very similar rating profiles by copying the specific user's ratings.
Naturally, a collaborative recommender system will pick these malicious users as perfect peers and any new items positively rated by these peers will be highly recommended to the specific user [87] . It is known as the 'copy-profile attack'.
The second problem is known as the 'cold-start user problem' [23, 87] . It refers to a situation when recently joined users have not yet rated enough items. In this situation, recommender systems can't comprehend users' preferences reliably and can't generate quality recommendations. A similar problem known as the 'gray sheep problem' affects users with eccentric taste (so called 'gray sheep users'). Since these users have low taste similarity with other users, collaborative recommenders might not be able to find useful peers for a grey sheep user even with a considerable number of ratings [114] .
Many collaborative filtering systems are also affected by 'data-sparsity problem' [11, 94] . When the number of items in a system is relatively higher than the number of users, user-item rating matrix is too sparse to find sufficient number of co-rated items among users. In particular, data sparsity makes it hard to use collaborative filtering in cases when items have a short life cycle (e.g. job openings, events, or news articles). These items might simply have too little time to accumulate enough ratings before their values expire and user-item rating distribution is usually sparse. Finally, classic collaborative filtering incurs high computational costs because it compares one target user's taste with the tastes of all other users [113] .
The problems reviewed above stem from one of the two core principles of collaborative filtering: the automatic selection of anonymous peers based on rating similarity. Consequently, one way to resolve these problems could be to unlock the black box peer selection hidden from recipient users of recommendations and to enable users to participate in their recommendation process. Recommendations based on users' self-defined social links could be considered as a step in this direction.
Online Social Networks: A Useful Source of Information
The idea to utilize users' social links as information source for their recommendations is based on two preeminent theories about sociality -homophily and social influence.
Homophily explains that people tend to make social connections with other people who possess similar characteristics with them, for instance, age, sex, religion, ethnicity, educational and occupational class, social positions, etc., in a process of 'social selection' [28] . Traditional homophily-related research explored offline social networking and focused on the similarity of people's personal characteristics and social status (i.e. status homophily) [22] . In contrast, the research on homophily in online social networking context focused on homophily in online social networking context focused on homophily according to users' perceived values and internal knowledge states (i.e. value homophily). Friedkin [40] suggested that the desire to be connected to the similar people stems from tendency to use those who are similar to us as a reference group and compare ourselves with the references to get information or make a decision. Besides, due to the ease of communication, shared knowledge and other factors which make the interactions comfortable, people are more likely to construct social connections with similar people than dissimilar people [134, 88] .
Whereas homophily explains how and why people select their social partners, social influence explains how people's various aspects are affected by their social links. Social influence represents a situation where people' attitudes, beliefs, and behavioral propensities are affected by and adopted to their social ties [28] . Deutsch and Gerard [32] distinguished social influences into two distinct processes according to the expected results of the influences -normative influence and informational influence. Normative influence is a tendency to conform to the positive expectation of their friends or group members with social desire to be a member of a social group or to seek social approval. This desire is intimately connected to psychological burden and, time and again, the influence transforms into coercive compulsion and compliance [146] . Meanwhile, informational influence refers to "an influence to accept information from another as (trustworthy) evidence about objective reality [124, p.35] ." This type of influence is evoked by ambiguity and uncertainty of reality. When people are not sure about an accurate view of reality and whether they are acting in a right way or not, they seek conformity from other people who are similar and have expertise and credibility [125] . In the context of online social networks which are frequently used as a source of new information, information influence becomes critical since it influences users' ability to collect accurate and useful information. Hence, the choice of social links is critical to social media users. In the modern connected world, users become more and more knowledgeable how to make the choices of social partners as useful information sources. Furthermore, the information side of social influence is one of the reasons why social capital is so valuable and why viral marketing on social media works [27, 37] .
The cumulative studies have demonstrated an interplay between homophily and social influence in social networks. For instance, when two socially associated people are alike, their reciprocal influence is stronger and longer than it is for a pair less similar to each other [39] . Brzozowski et al [19] empirically proved the homophily and social influence of three kinds of social connections -friends, allies and foes. The study was performed using data of an online forum where users share opinions and vote on various controversial political topics (resolves). In this context, both social ties and users' ideologies are important to consider. In this paper, friends are based on personal familiarity (i.e. strong ties) while allies do not necessarily have personal acquaintances but share similar ideologies (i.e. weak ties). Foes are the ones who a user doesn't ideologically agree with (i.e. negative tie). The authors examined which resolves users vote on and how they vote. They found that, when users voted on a certain resolve, their friends are more likely to vote on the same resolve than allies and foes. Interestingly, users tend to avoid resolves that their foes already voted on. However, users voted in more similar pattern with their allies than with their friends or foes. Of course, users agreed the least with their foes [19] . We interpreted these results to mean that all of the three ties played certain roles as social filters. Friends and foes are important in the choice of items to consider and allies are important to decide how to vote.
Baartarjav, et al. [7] presented an exemplary study demonstrating homophily in online space, in particular online groups. In this study based on Facebook data, the authors focused on the personal traits of online group members such as age, gender, religion, living area, political opinions, etc. They built clusters solely based on these traits and found distinguishable characteristics of each group. Depending on the discovered characteristics, they recommended a group to join and their recommendation accuracy was 73% on average. Therefore, similar people get socially associated as co-members of the same group [7] .
Several studies explored social influences in social media applications. Singla and Richardson [109] tested co-relationship between instant messenger logs and the similarity of search queries. Search interests of people who exchanged instant messages frequently were more similar than interests of random pairs. Moreover, the longer they communicated, the more similar they were. Swamynathan, et al. [117] compared the influence on users' satisfaction depending on different social identities of transaction partners. Specifically, they focused on an online auction siteOverstock auction. In the system, users can have two kinds of relations -their personal connections (friends) and business connections (once a user buys a product, the seller becomes a business connection). The authors found that users bought products mostly from total strangers -only 2% of transactions were made between two friends who are directly connected. However, users evaluations showed that they are much more likely to be satisfied with the transactions made with personal connections than with their business connections or strangers. In addition, the degree of satisfactions was decreased along with the increase of social distance [117] .
Multiple Dimensions of Social Link-based Recommendations
With the purpose to systematically analyze and classify various social link-based recommendations, we identified six dimensions as shown on Figure 12 .1. • The first dimension is what kind of data is used as a source for personalization and in which format the input data was represented. It identifies the kinds of input data the recommender system utilized and how the data was interpreted as user preference models.
• The kind of input data is directly related to target items and applications of the recommendation technologies. The second dimension is what item was recommended. It classifies the sorts of output items that each study targeted.
• The next third dimension is to explore when social network-based recommendations are used. The dimension identifies several applications in which social link-based recommendation technologies were deployed or tested.
• The fourth dimension is who the social peers were on which the recommendations were built. The review identified the kinds of social networks used as the foundations of recommendations. We also discussed why each type of social network was used in recommendations.
• The fifth dimension is how the recommendations can be generated. We explore this dimension in two perspectives -the kind of recommendation algorithms and whether and how multiple algorithms were hybridized.
• The last dimension is why the recommendation technology was assessed. Among various evaluation criteria of recommendations, the review finds in which aspect each study assessed its' proposed social link-based recommendations.
The arrow lines of Figure 12 .1 show the flows of data. Recommender systems receive user data input (i.e. what (1)) and social links used in recommendations (i.e. who) from applications (i.e. when). Once the recommendation computation is done (i.e. how), the systems produce target items (i.e. what (2)). Depending on the results assessed by points of evaluations (i.e. why), recommender systems update their recommendation algorithms and procedures iteratively to optimize the performance.
We analyzed the existing social link-based recommendation approaches according to the dimensions, as Table 12 .1 summarizes the distribution of the existing approaches from the first dimension till the fourth dimension, whereas Table 12 .3 is intended to provide the overview of the existing approaches mainly on the perspective of recommendation algorithms (fifth dimension) and the evaluation methods (sixth dimension). 
Input Data Types of Social Link-based Recommendations
As a typical collaborative filtering scenario, there are users U ∈ {u 1 , u 2 , …, u n } and items I ∈ ={i 1 , i 2 , …, i l }. Each user u has a set of items I u on which he some form of opinion (known also as feedback). r ui denotes the user u's opinion on an item i l . The r ui can be explicit, implicit, or descriptive as Table 12 .2 shows. Explicit opinion is usually directly expressed by the user within a scale that is defined by the system and can range from coarse to fine-grained. Unary explicit feedback such as Facebook-style 'like' buttons is on the coarse-grained side. Another example of a coarse-grained unary feedback is a bookmark. A bookmark expresses user's interest in an item, however, the absence of the bookmark does not necessarily tell that he is not interested. A binary rating allows to clearly separate likes and dislikes from unrated items. A more finer-grained ratings can be expressed using a numeric rating scale. Most typical are scales 1~5 or 1~10 (i.e. 1 usually indicates 'dislike a lot' and 5 or 10 means 'like a lot') [105] . Systems also collect user activity data from various sources to implicitly infer users' interests. Implicit indicators do not have clear value ranges. We cannot predict how many times a uses purchased a product or how many times a user listened to a song. Hence, the implicit indications often require normalization of the values. For more detailed explanations about explicit and implicit data types, see also Chapter 14 [55] .
Out of 36 approaches in Table 12 .1, most of them (24 studies, 66.6%) used numeric ratings and six approaches used unary ratings based on bookmarks or binary ratings. Six approaches used implicit indications. For instance, to recommend locations of interest, Wang, et al. [130] utilized users' check-in records of visited locations and the timestamps and Konstas, et al. [65] used users' music play-counts to recommend a song to enjoy.
Explicit and implicit preferences show whether and how much a user is interested in an item. However, relatively simple coarse-grained ratings or implicit preferences do not carry enough useful information. To add more direct information about users' preferences, some studies used extra textual indications showing the reasons of a user's interests or how he understands an item. Carrer-Neto, et al. [21] borrowed movie-related metadata from IMDB and combined it with users' binary ratings. In this way, they enriched the users' binary preferences into multi-dimensional preferences. Macedo, et al. [82] considered not only users' event attendance records but also various contextual information of events such as topics of events, the locations, and the temporal information. Sun, et al. [116] and Lee & Brusilovsky [71, 74] used social tags to improve the quality of bookmark-based recommendations. Bonhard, et al. [14] took advantage of users' demographic information to recommend movies to watch.
Applications and Target Items of Social Link-based Recommendations
The type of social links used by personalized recommenders to a considerable extent depends on the applications (i.e., a specific social system) and the target items that this application recommends. Fig. 12.2 and Fig. 12 .3 review the item types that social link-based recommendations have targeted and applications that engage in social linkbased recommendations. Figure 12 .2 shows that social link-based recommendations most often focus on recommending general products. The popularity of "general products" category is defined by the position of Epinions.com 1 system as the most heavily used source of data for social link-based recommendations (see Figure 12. 3): among 18 studies based on trust-based networks, 17 studies used Epinions.com data sets (see Table 12 .1 and Figure 12. 3). The popularity is caused by the fact that this is the first publicly available data source containing not only user-to-item ratings but also user-to-user explicit social relations. Several versions of Epinions.com data set have been used in social link-based recommendation studies and, as of 2015, three versions of dataset are available online 2, 3 The former two data sets are collected and shared by Paolo Massa's team [85] . The first version contains about 49K users, 139K items, 664K ratings and 487K trust-based relations, whereas the second version contains larger volume of data (132k users, 1.6M items, 13.7M review sand 841K relations). The difference of the data volume aside, the users' ratings of the second version are about other users' reviews, not about items. In addition, the positive trust relations constitute the trust network in the first data set but the second data includes both positive and negative trust relations. Among 18 studies based on trust-based networks at [141] used the first Epinions.com dataset, while one study [23] used the second dataset. The third Epinions.com dataset is collected and shared by Pedro Domingos' team [102] . It has large number of users and items (71K users, 104K items, 571K user-to-item ratings and more than 500K trust-based relationships). Jamali & Ester [54] and Yang, et al. [137] also used this dataset. Movies, the second-most popular type of target items, have the longest history as a target of recommendations. The early pioneer recommender system, MovieLens, publicly shared the data set has been used in a number of recommendations-related studies and still does. The popularity of movies as the target items of personalized recommendations has been further increased by the Netflix Prize 4 [111] . Since some of these systems used trust links and some use friendship links, thus both of these link types have been explored as a source of data to recommend movies. Music or music artists recommendations explored the value of several types of social links; trust-based, friendship-based and group-membership-based. Douban [132] , Last.FM [65, 141] and Facebook [63] were used as a context for music recommendations. Last.FM is a social music website. In this system, users are able to listen to music, add tags and make friendship with other users as well. Several Last.FM datasets are available with and without the social network information 7, 8, 9 . Music is a challenging type of items to generate precise recommendations because user feedback is highly subjective. However, our music taste is influenced by our social connection, and we often share our favorite songs with our friends. In this context, recommendation approaches based on social links can provide valuable insights for music or music artist recommendations.
Another two related types of target items that could benefit from using social lnks for recommendation are places of interest (POI) and events. Locations and events to visit are inherently social. When we want to enjoy a Friday night at a local restaurant or go to a music concert, we invite out friends or family to go along. In one of the pioneering works, Wang, et al. [130] has explored how to recommend places of interests via users' check-in locations and their online social networks. The authors started their study by proving the positive correlation between users' online social connections and their visiting records, and found that a considerable number of users visited locations, which their friends or friends-of-friends have visited before. In their study based on Random Walk with Restart algorithm, they demonstrated that when users make a decision to visit a place, the information about whereabouts of their online friends could reinforce the quality of personalized POI recommendations. Groh & Ehmig [46] utilized friendship information to recommend local night clubs. Their results showed that recommendations based on friends' data are better than the suggestions based on traditional anonymous peers. A few years ago, Yelp, a social system for finding and rating local businesses (such as restaurants, bars, coffee shops, etc.), announced a recommendation challenge 10 . A number of researchers have participated in the challenge, and several rounds of evaluations have been completed. However, the work focused on recommending POIs such as restaurants or coffee shops using online social connections are still rare. Some of this work is reviewed in the Chapter 16 of this book [16] .
Overall, the review of target item types and application for which social links were explored as a source of information for recommendation demonstrates that the work in this area is distributed quite unevenly. While there is a large concentration of work for some types of items where research data are officially released as a dataset or can be crawled (such as research based on Epinions.com datasets), other systems and item types received too little attention. Interesting, that the amount of research in the context of a specific social system is not quite correlated with its popularity. For example, some highly popular social media systems such as Facebook and Twitter have rarely been used to explore the role of social links for recommendations. It may be due to the difficulty to crawl large volume of data on the applications and the wide diversity of items. In Table 12 .1, two studies using Facebook or Twitter [144, 63] evaluated the quality of link-based recommendations with relatively small groups of human subjects. Table  12 .1 by the type of social links used to generate recommendations. It shows that trust networks and friendship connections are the most popular social links to provide personalized access to information.
Types of Social Connections Employed in Link-Based Recommendations
Trust is an asymmetric relationship. When a user u trusts another user v, the trusted user v does not necessarily trust user u. In this aspect trust is different from friendships which require mutual agreement on the relationship, the user v does not need to approve user u's trust or reciprocally trust the user u. Besides, the trusting party (i.e., the user u) can state how much their trusted parties (i.e. the user v) are trustworthy. The trust relationship also enables users to define negative relations (distrust), by using negative trustworthiness values. Golbeck suggested that, while the traditional definition of 'trust' is lexically related to security and reliability, 'social trust' in the Web 2.0 era is the broader definition of trust and is related to 'a matter of opinion and perspective'. Hence, information can be aggregated, sorted and filtered through social trust [41] . Based on this suggestion, in the series of her studies, Golbeck demonstrated that users prefer recommendations from trusted parties to traditional collaborative filtering recommendations [42, 44, 43] . Friendship is a reciprocal relationship. Compared with other types of online social connections introduced in this chapter, friendship is highly relying on personal familiarity. Personal familiarity is a foundation, on which many friendships are rooted, in particular friendships existing offline. According to homophily and social influence theories introduced at the Section 12.3.2, it is well-known that "strong ties" who engage in frequent interactions and have many overlapping connections tend to be similar in various ways. Friendship-based recommendations actively use this social pattern.
Network of
The remaining social connections are unidirectional relations, group memberships and network of colleagues. Wellman suggested that, in Web 2.0 era, various new 'less bounded' online relationships would emerge [133] . Following relationship is a typical example of the newly emerging online social networks. The typical examples of this relationship include "following" on Twitter, "watching" on CiteULike, "network" on Delicious or "following" on Google plus. Users on the Web 2.0 have found it easier to know who knows what through social media. However, it is a burden to contact people who possess the desired knowledge via their personal ties [60] . Many social bookmarking systems, which help users to manage and share interesting information, as well as blogging systems, which aim to post online journals to express their opinions, offer users this special kind of online sociability without any need to ask a consent to be followed. Once users find other users whose information collections are useful, they are allowed to follow or watch the users' activities continuously. The relationships do not require any offline interactions or any mutual agreements for being connected. Some studies [70, 72, 73] have provided the positive evidence that the relations met the similarity attraction hypothesis [90] and held transitivity power [91] . High degree of similarity was embedded in following relations and the similarity decreased with the increase of distance. It means that users in unidirectional relations built their connections focusing on their objects of interest. As a result, these kinds of social networks could be classified as object-centered social networks. Breslin and Decker said that the social links connecting users via items of interests may be more long-lived than the relationships not sharing any item of interest [18] .
Group membership is a social connection established between users who are members of the same online group or community. It is typically a highly objectcentered social association, since group activities are usually centered on a certain topic. An online group is usually a community of interest or practice, for instance, a fan club of a musician, a community of Hadoop programmers, an online forum for students taking the same course, and an online space for members of the same project. Users engaged in group-based networks target to distribute topic relevant information or contribute topic-relevant activities. The theory of communal sharing explains the social dynamics of group membership. Group members think they share common substances. Before online social networks emerged and proliferated, the communal sharing relationships represented close relationships such as kinship ties [38] . In the current Web 2.0 era where relationships are getting flattened and less bounded, however, the sense of communal sharing can be applied to online group activities. Group members treat information objects as their shared assets and are willing to share what they need or contribute what they can. They usually do not expect to receive something back in return for their contributions. In addition, members do not pay attention to the portion of contributions made by each individual member. Being a member of a group is sufficient to them since they are able to use the resources the group is sharing [38] . Therefore, membership of an online group is informative in understanding users' information needs and personalizing their information space.
Overall, the analysis of social link types used in social link-based recommendations shows that the work is distributed quite unevenly. The dominated majority of work is focused on just two types of connections. Among the studies listed in Table 12 .1, more than 85% of them are based on either trust networks or friendship. Moreover, as indicated above, almost all works on trust-based networks reviewed in Table 12 .1 used the Epinions.com data set with one exception (Golbeck, et al. [42, 44, 43] ). Considering a wide variety of online sociability, we believe that more work should be focused on proving the expandability of social link-based recommendations to more diverse and less explored social networks as well as new applications and domains.
Finally, our review shows that early works of social link-based recommendations was focused on an assumption that our social links have equal influence over us. However, recent works demonstrated that the reality is more sophisticated -different types social links have difference degree of influence. As a way to take into account this inequality, researchers distilled various social properties in social link-based recommendations. For example, Arazy, et al. [6] suggested to distinguish four kinds of social properties -the degree of homophily, tie strength (the frequency of interactions), trust and reputation -and integrated these properties into the nearest neighbor-based social link-based approach. Although the proposed approach is a conceptual framework without any empirical evaluation of the performance, it provided meaningful insights about how to incorporate various social network properties in personalized recommendations. Another type of social property -social influence -has been used in social link-based recommendations. In order to include the property as a part of social link-based recommendation algorithm, for instance, Jiang et al. [56] computed the degree of social influence by considering social association (i.e. whether a given pair of two users are friends or one user followed another user) and the distribution of items shared between two given users. In particular, because the data sources of this study do not contains users' numeric/binary ratings for items, the authors relied on content of items and estimated the social influence at the level of topical distributions of each item. Gürsel and Sen [49] consider the unequal influence of our friends on different topics of interest in producing recommendations. Chia, et al. [25] took advantage of 'experience level' of social connections as an extra social property in personalized recommendations, with an intuition that we are more likely to seek advices from others who more experienced than us. The authors defined the experience level by combining explicit trust statements and the numbers of rated items.
Algorithms for Social Link-based Recommendations
A unique feature of social recommendation algorithms is the engagement of social connections to generate or enhance recommendations. Understanding different approaches that could be used to leverage social links for recommendation is most critical to those who would like to understand or to develop social recommendation approaches. This section attempts to combine three goals: explain most important types of social link-based recommendation algorithms in sufficient details, classify existing research on social link-based recommendation from the prospect of employed algorithms, and provide representative examples of using each major algorithm type. We classified the algorithms used for social link-based recommendations according to the Tang and Liu's classification of traditional approaches [120] with one specific addition -direct friend-to-friend recommendations. The classification includes the nearest neighbour approaches, graph structure-based approaches, matrix factorization and hybrid recommendations. Table 12 .3 reviews existing research on social linkbased recommendations from the prospect of employed algorithms and the evaluation criteria. Figure 12 .5 offers a visual summary of the algorithms and their use in reviewed works.
As mentioned above, a major motivation for social link-based recommendations was to solve various problems of collaborative filtering by substituting or complementing anonymous like-minded peers used in traditional collaborative filtering with explicitly defined social connections of the target user. Therefore, most of the social link-based recommendations use one of traditional collaborative filtering algorithms as a basis and modify it to improve the quality of recommendation by infusing social links. As Figure 12 .5 depicts, the most popular algorithms are the nearest neighbour-based approaches and matrix factorization, which are also widely used in collaborative filtering. Due to this tight connection between traditional collaborative filtering and social link-based recommendations, Chapter 10 of this book [61] , which reviews classic rating-based collaborative filtering, could be a useful background reading for this chapter. Yet the presentation below is designed to be selfcontaining. Nearest Neighbor-based Recommendations: Authors defined global credibility values of users by combining their trustworthiness and expertise. The credibility is intended to identify global opinion leaders, and, at the final stage to compute the rating predictions, credibility values of leaders were multiplied to the probability values, which were calculated by the nearest neighbor algorithm of conventional collaborative filtering.
MAE
Chen, et al., [23] Clustering-based Recommendations: based on users' ratings, the authors constructed clusters and within each cluster, they identify experts using reputation scores. The reputation scores were computed by the Coverage rate, MAE, computational time, precision, recall and F-
Approaches
Description of Recommendation Algorithms Evaluation Criteria PageRank algorithm of trust-based networks. Among the identified experts, distrusted ones were excluded. Then using a cluster which is highly related to a candidate item and a target user's ratings, recommendation probability was computed. Matrix Factorization: Matrix Factorization combined with users' trust-based networks -SocialMF. In particular, latent feature vectors of users were weighted by average ratings of users' direct trusted social links. RMSE and computational time and cold-start user problem Ma, et al. [78] Matrix Factorization: in matrix factorization, the authors considered target users' latent factors, user-to-user trust-based influences
MAE & RMSE
Ma, et al. [80] Matrix Factorization: The authors applied matrix factorization technique not only to user-to-item matrix but also to user-to-user social network. Then, social factor matrix and the confidence values of trust statements were incorporated into the training function to minimize the sum of squared errors MAE Ma, et al. [81] Matrix Factorization: Matrix Factorization with two types of social regularization is to incorporate the tastes of target users' social links.
Massa & Avesani [86]
Nearest Neighbor-based Recommendations: user-touser similarities of collaborative filtering were replaced
MAE, MAUE (Mean Absolute
Approaches
Description of Recommendation Algorithms
Clustering of Social Graphs: As the first step, they found sparse sub-graphs consisting of dissimilar nodes (i.e. other users) and, as the second step, the nodes were used as initial centers of clustering algorithm. Once the system found a fine set of clusters, as the last step to generate recommendations, the authors computed the recommendation probabilities of candidate items using a similar function between a target user and other users in the target user's cluster.
MAE, RMSE, precision, recall, Fmeasure and coverage Moradi & Ahmadian [92] Nearest Neighbor-based Recommendations: By combining trust-based social links and anonymous top N nearest neighbors, they built an initial trust network and generated a set of recommendations using the Pearson correlation-based nearest neighbor approach. The authors applied a reliability measure to the generated recommendations and when the reliability value did not exceed a certain threshold, they concluded that the initial trust network is not a reliable reference for making good recommendations. Therefore, the authors restructured trust network. They iterated this network reconstruction until the reliability value of recommendations exceeds the predetermined threshold.
MAE, MAUE, item coverage, user coverage, cold-start user problem, opinionated users, blacksheep users, controversial items, and niche items.
Symeonidis, et al. [118] Hybrid Recommendation: Weighted hybrid recommendations to combine item rating-based similarity and social structure-based similarity.
RMSE, precision and recall
Victor, et al. [127] Nearest Neighbor-based Recommendations: used both collaborative filtering-based anonymous peers and trust peers. EnsembleTrustCF (refer to Eq. 8) MAE, RMSE, coverage, and controversial items Wang, et al. [132] Matrix Factorization: Matrix Factorization where latent factors of a target's friends were combined with the given target user's latent factors by inner product MAE & RMSE Yang, et al. [137] Matrix Factorization: according to categories of users' rated items, the authors subdivided users' social links into smaller social network matrix and trust values within the smaller social matrix were employed in matrix factorization.
MAE & RMSE
Yuan, et al. [142] Graph Structure-based Recommendation: Target users' direct and indirect social links were chosen as social peers using trust propagation distances (i.e. average path length property of the Epinions.com trust network) and the graph distance-based weight was employed to traditional collaboration filtering-based rating prediction.
MAE
Approaches
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Friends-based Recommendations
Bellogín, et al. [8] Graph Structure-based Recommendation and Hybrid Recommendation: 1) recommendations based on purely users' social networks using Breadth-first Search algorithm, 2) hybrid recommendations based on anonymous peers and direct social connections using feature combination hybridization and 3) hybrid approach based on Random Walk with Restarts.
Precision, Recall and NDCG, user coverage and utility (the user ratio who received at least one correct suggestion)
Bonhard, et al. [12, 14] Direct Recommendation: Suggested movies rated by target users' friends with explanations of recommending friends' identity.
Uptake rates of recommended items & recommendation Explanation
Carrer-Neto, et al. [21] Hybrid Recommendation: Authors generated recommendations using knowledge base (i.e. movierelevant ontology). Then using the weighted hybrid recommendations, target users' preferences and preferences of users' friends were combined.
Precision, Recall and F-Measure
De Meo, et al. [29] Matrix Factorization: Matrix Factorization that combined with social distances between target users and their social links.
RMSE
Groh & Ehmig [46]
Nearest Neighbor-based Recommendations: anonymous peers of collaborative filtering were replaced with users' direct friends. The remaining processes to calculate user-to-user similarity and computing the prediction probabilities of candidate items with cosine similarity are the same with conventional collaborative filtering
MAE and Fmeasure
Gürsel and Sen [49] Hybrid Recommendation: They inferred categories of items via users' social tags. Using Bayes Theorem, the recommender chose items to suggested from the set of photos posted by target users' friends and to belong to categories of users' interests.
Precision and recall
Jiang, et al. [56] Matrix Factorization: Matrix Factorization combined with users' reciprocal or unidirectional social networks and latent topics of items -ContextMF. Item-to-item and user-to-user similarities were calculated by topic distributions of items. User-to-user social influence and the degree of interactions were taken into account, as well. [65] authors built a graph consisting of users, music tracks and tags as nodes. Social relations along users, users' music play-counts and frequencies of users' tags were also considered to add edge weights. Then, they applied the Random Walk with Restart algorithm to calculate the preferences of target users for a candidate item.
Liu and Lee [76]
Nearest Neighbor-based Recommendations: As the nearest neighbor groups, anonymous peers of collaborative filtering were simply combined with target users' online friends without any additional weight. Then the traditional nearest neighbor-based recommendation algorithm was applied with the groups. Graph Structure-based Recommendations: Random walk with restart algorithm was applied to one graph consisting of only target users' direct friends or another graph consisting of not only target users' direct friends but also their nearest neighbors whose interests are similar to the target users but not socially associated.
MAE
Precision, recall and utility
Recommendations based on Other Types of Social Networks
Guy, et al. [50] Nearest Neighbor-based Recommendation: the authors specified ad-hoc user-to-item weights for users' various online activities (e.g. authorship of a blog, community membership, commenting and bookmarking). Then they multiplied user-to-user relationship strength to the ad-hoc user-to-item strength with time decay factor. Hybrid Recommendation: In order to cope with data sparsity of the target domain (i.e. events), the authors consider various kinds of context information such as group-based social context, event contents, locations of events, and temporal information of events.
NDCG ranking Evaluation Metric (@10)
Sun, et al. [116] Matrix Factorization: The authors clustered users' friends into subgroups and also clustered items into subgroups according to user-item bookmark/tag similarities. Then, a subgroup of friends, whose tastes are similar to target users, and a subgroup of items, which
Precision and recall
Approaches
Description of Recommendation Algorithms Evaluation Criteria are similar to users' favorite items, were integrated into matrix factorization using an individual-based regularization approach.
Yuan, et al., [141] Matrix Factorization: User-item matrix factorization combined with users' friendship and memberships of online groups. The friendship information was fused with user-item latent vectors via regularization and the group membership information was fused with the same latent user-item vectors via user-group matrix factorization.
Precision and recall
Zhang, et al., [144] Content-based Recommendations: Based on content terms of users' online activities and their social links' activities, the authors computed the term frequencies and found activities of which the content is similar to users' favorite activities.
Precision
Fig. 12.5. Summary of Various Social Link-based Recommendation Algorithms
For the rest of this chapter, we use the following notations. R is user-item rating matrix, R ∈ {R ui } l×n where n and l denote the number of users and items, respectively. r ui is the rating of a item i given by a user u. ui denotes the predicted rating of user u for a candidate item i, which is picked by recommendation algorithms as presumably favourable item. The range of ratings varies according to the recommender systems: from numeric to unary ratings.
Direct Friend-to-Friend Recommendations
As a part of daily interactions with our friends, we share a lot of opinions about everything in our lives; for instance, we recommend our friends a good book to read, Others Friendship Trust a reliable mechanic to fix our cars or, ask various opinions ranging from a movie to enjoy, a good restaurant to visit, an e-commerce site to explore and an apparel to buy. Early-generation recommender systems implemented this advice-seeking process and 'word-of-mouth' phenomenon among offline social connections systematically. They enable users to directly send an interesting item to online friends as a recommendation without any systematic computation.
As one of the first related projects, Tapestry allowed users to send items of interest with annotations to their friends and colleagues [45] . Another early project let users directly send interesting research papers to other colleagues using a so-called 'the active push approach' [84] . Dugan and the colleagues also invented an interesting game -'the Dogear Game' -by borrowing the concept of direct friend-to-friend recommendation. Internet bookmarks were the target item of this game, and given a list of bookmarks, users were asked to guess to whom each bookmark belongs among their colleagues. When users make a right guess, they score a point. Otherwise, while losing game points, they were asked to suggest the corresponding bookmark to the colleague as a recommendation. Even though users incorrectly identified the creator of bookmarks, the authors suggested that there might be a good reason why users believed that the Internet page would interest one of their colleagues making it a good recommendation [35] .
In spite of the early efforts, the systems relying on direct exchange of information within a "small world" found it difficult to retain users and to keep them actively contributing to the recommendation process. With these reasons, the conventional collaborative filtering recommendations have employed the "word of mouth" in more extensive and systematic ways. However, as pointed at the Section 12.3.1, it introduced a variety of problems caused by the reliance on anonymous peers and their tastes. The success of social media sites and the abundance of online social networks are the contributing factors making social link-based recommendation to regain the attentions. An advantage of social link-based recommendation over collaborative filtering has been also demonstrated by several studies.
In one of the approaches reviewed on Table 12 .3, Sinha and Swearingen [110] compared the users' perceptional difference between machine-generated recommendations and friend-to-friend recommendations. Rather than producing system recommendations using their own algorithms, they relied on recommendations provided by third party applications, Amazon, RatingZones, Reel.com, and MovieCritics. In order to acquire friends' recommendations, the authors asked their participants to provide the names of their three friends who can provide reasonable recommendations to them and suggested items favored by participants' friends. The study revealed that participants found friends' recommendations more useful, satisfying and trustworthy than system-generated recommendations [110] . Bonhard, et al. [12] examined a similar question -whether the perceived familiarity to sources who sent recommendations would affect target recipients' acceptance of the recommendations or not. The authors randomly chose recommendations from either target users' friends or strangers along with information about the senders of the recommendations. Specifically the information about each sender included name, demographic profile (occupations, age, favorite movie genres and hobbies) and overlapped ratings with target user. Through these detailed explanations, the authors tested three factors -1) personal familiarity to the senders, 2) similarity of demographic profiles and 3) rating similarity -on the choice of recommendations. The result showed that users overwhelmingly chose the recommendations from their friends and felt most trustworthy and confident about their choice [12] . Guy and the co-authors [50] obtained similar results in their experiments with recommendations based on professional colleague network.
Nearest Neighbor-based Recommendation Approach
The nearest neighbor-based approach consists of three steps: 1) calculating the similarity of a target user to other users in a recommender system, 2) selecting a small set of like-minded "peers", 3) computing the prediction probability of candidate items. For the first step several similarity measures such as Pearson correlation, cosine similarity, Spearman's rank correlation, Jaccard similarity, Log-likelihood similarity, etc. can be used. Pearson correlation (eq. 1) and Cosine similarity (eq. 2) are the most popular in recommendation algorithms.
In these equations, sim u,v is the similarity between user u and user v; I u,v is the set of items co-rated by both user u and user v; r u and r v are the ratings sets of user u and user v, respectively; and ! and ! are the mean values of the users' rating set. In second step, according to the computed similarities and a threshold value θ, when u's similarity with v is larger than θ (i.e. sim u,v >θ), the user v will become one of u's anonymous peers (v ∈ N u ).
The last step is to predict missing ratings of candidate items for the target user u. Candidate items are favorite items of user u's peers that are not yet rated by the target user. Eq. 3 shows the equation that is used to predict the user u's missing rating on a candidate item j (i.e., !" ), N uj denotes u's peers who rated the item j.
Eq.3
A natural approach to adapt this nearest neighbor approach to the social recommendation context is to change its second step by using target user's social connections instead of automatically selected similar "peers". Otherwise it is to combine these peers with user's explicitly selected social connections. Among papers reviewed in Table 12 .3 and Figure 12 .5, ten projects use variants of this idea.
For example, Groh and Ehmig [46] produced friendship-based recommendations by replacing target users' anonymous peers with their friends. In this study to recommend enjoyable Munich-area clubs, whereas collaborative filtering recommenders can obtain relatively large number of anonymous peers by changing the threshold θ, the social link-based recommendations have to rely on a relatively lower number of friends. Hence, this study included not only users' direct friends but also their friends of friends as social connections for generating recommendations. The results shows that the social link-based recommendations performed better, especially when the ratings are very sparse, and produced more novel suggestions than conventional recommendations. The highly social context of this study (i.e. local area clubs) was likely a contributing factor of this success, because, when we go to a club, we usually do it in a company of friends [46] .
In the studies reviewed in the Table 12 .3, authors rarely employ any weights to model links between a target user and her social connections. However, depending on the type of social networks, it could be useful to use weighed connections based on social dynamics or graph theory-based measurements (e.g., the frequency of interactions, clustering coefficient, the degree of betweenness, etc.). In particular, when incorporating trust-based social networks into personalized recommendations, trust values could be used as effective weights to identify the properties of the social connections (i.e. trust or distrust and strong tie vs. weak tie).
As example, Massa and Avesani [86] proposed the use of trust-based networks, instead of anonymous peers, to improve recommendations. In order to secure a sufficient number of trust-based connections, they expanded the scope of trust-based social links beyond directly trusted parties. In the studies based on Epinions.com, the authors explained that the number of user's directly trusted connections (9.88 on average) is much smaller than the number of possible "like-minded" peers (all other users who share common items with target users; 160.73 users on average). Therefore, they included distantly connected users in the trust network (i.e. in d hop distances). However, users of the recommender system assigned trust values only to directly connected parties, and the system does not know how much a target user would trust the users in distant relations. In order to estimate propagated trust values of a target user to indirectly connected users, the authors calculated a trust metric, which is so-called MoleTrust. With the assumption that trust is in binary scale (1 means 'trust' and 0 means 'absence of trust') and trust-based links were expanded up to a predetermined maximum distance d, the estimated trust value of a social link in x distance (d ≥ x) is (d-x+1)/d as a linear decay operation in propagating trust by distance. Once a group of trust-based users was chosen and the propagated trust values were calculated, in the last step to predict the missing ratings of candidate items, the user-to-user similarity -sim u,v -was substituted with trust values between target users and their directly or indirectly trusted connections -trust u,v as noted in eq. 4, where T uj denotes u's trust-based social links who rated the item j [86] .
The study showed that trust-based recommendations solved cold-start user problem, improved predictions and attenuated the computational complexity [86] . Alsharawneh and Williams used a similar approach while generalizing the trust weights as users' credibility by fusing them with users' expertise [5] .
Golbeck and the colleagues [42, 44, 43] introduced another trust-based recommendation approach based on a new trust metric -TidalTrust. While MoleTrust included all trust-based connections that have rated a candidate item and are reachable within a predetermined maximum distance, TidalTrust focused on embracing trustbased links who have the shortest path from a target user. Even within a shortest path a candidate user was not considered as a trust-based connection when trust estimates are below a certain threshold. To be precise, in order to calculate the prediction probability of a candidate item j, the recommender system first performed the Breadth First Search to aggregate the list of raters of item j. If none of a target user's direct social links rated the item j, the search continued to trust-based links within x hop distance until raters were found. Once raters of item j were found, the recommender system inferred the trust values of raters in x hop distance by aggregating all trust values from a target user's direct links to the raters until x distance and calculating the propagated trust values like the eq. 5.
Here trust uw denotes the propagated trust value from a target user u to an indirect trust-based connection w. Once the trust values were computed, the connections whose estimated trust values were larger than a threshold were selected as the trustbased peer of the user u within x distance, represented as ! !! (refer to eq. 6). Once trust-based peer of the user is chosen and the trust values are calculated, the rating prediction is computed as shown in eq. 7. The experiment with FilmTrust data demonstrated that the use of trust enhanced the quality of recommendations [42, 44, 43, 120] .
The authors of the studies utilizing propagated trust values emphasized the merit of social link-based recommendations in terms of accuracy. However, because of the relatively smaller number of socially connected users, the social link-based approaches might also have lower coverage (the ratio of users who received at least one recommendation) than collaborative filtering. In order to create the synergy effect between two approaches, Victor, et al. [127] introduced EnsembleTrustCF as eq. 8.
This approach aimed to use both types of candidates-anonymous "like-minded" peers ( !" ) and trust-based social connections !" -that rated a candidate item j. In cases when a user is connected with a target user through a direct or indirect trustbased link and also belongs to the target user's anonymous peer group, the system just took into account the trust value and ignored the peer similarity weight. According to the experiment using Epinions.com data, the approach of Victor, et al. [127] produced better accuracy than other trust-based recommendation approaches and better coverage than collaborative filtering. Moradi and Ahmadian [92] also combined trustbased social connections with anonymous peers at the final stage to choose a list of recommended items.
The idea to modify traditional collaborating filtering by combining user explicit social connections with traditional anonymous peers has been also explored for other types of social links such friendship and professional collaboration networks [50, 63, 76] . For example, in a study based on a Korean online social networking site, Cyworld, Liu and Lee [76] compared recommendations produced by a typical CF approach (based on the nearest neighbors' preferences), social link-based approach (based on friend's preferences), and combined approach (based on the combination of both the nearest neighbors and users' friends). The naïve hybridization of anonymous peers and social connections performed the best [76] .
Recommendation Algorithms based on Matrix Factorization
Despite of its popularity in commercial systems, the nearest neighbor-based algorithms suffered from sparsity problem that are typical in systems with large number of items and a limited number of ratings given by each user. With sparse userto-item ratings set, it is frequently hard to find users with a sufficient rating overlap who could be considered as users with similar taste. The sparsity problem can degrade the recommendation performance by reducing the number of users who can receive any recommendations (i.e. reduced user coverage). As a solution for the sparsity problem, matrix factorization algorithms have been proposed. While modern collaborative filtering algorithms use a range of approaches including Bayesian belief networks, clustering (e.g. k-means, density-based methods, hierarchical clustering), regression-based approaches, Markov decision processes, latent semantic model, etc. [114] , advanced social link-based recommendations predominantly use matrix factorization technologies. Among projects reviewed in Table 12 .3, 11 projects or more than 30% are based on matrix factorization. The general idea of the matrix factorization technologies is to compress a large and noisy user-to-item rating matrix into more dense latent space model. The reduced model is based on latent features of users and items, even though these features are usually hard for a human to interpret. The model is trained and optimized using the existing user-to-item data and later the predicted ratings of users for items are computed using the latent space like the following [66] .
where is the matrix of predicted ratings. If f is the number of latent features and there are sets of users U ∈ {u 1 , u 2 , …, u n } and items I ∈ ={i 1 , i 2 , …, i l }, matrix P ∈ℝ !×! represents the connections between users and latent features and matrix Q ∈ℝ !×! represents connections between items and latent features. In other words, vector p u indicates how much the corresponding user u is interested in the each of the f features, whereas a vector q i shows how much the corresponding item i is associated with each of the f latent features. To learn the matrices P and Q and optimize the model, recommender systems minimizes the sum of squared errors between the existing ratings R and like the following.
• ! ! is the Frobenius norm and λ > 0 is the regularization parameter. W ui is the weight indicating that, if user u rated item i, the value equals to 1; otherwise, equals to 0. This objective function can find the minimum values using gradient descent methods [79, 136] .
To systematically analyze recommendation approaches based on matrix factorization, we followed the classifications of Yang et al. [136] and Tang, et al. [119] that distinguish co-factorization methods, ensemble methods and regularization methods.
Co-factorization
The projects using co-factorization approach collectively factorize user-to-item rating matrix and user-to-user social link matrix. Therefore, in this collective factorization, there are matrices P and Q, and additional matrix S -n x n matrix of user-to-user social links. The authors specifically assume that users' latent feature representation is based on their social links and a user u is represented by a vector in both P and S. SoRec [80] proposed by Ma and the colleagues belongs to this group. In building the matrix S, the authors substitute the trust values with confidence values of the trust relations, by borrowing local authority and local hub concepts in PageRank. They increased the confidence of trusted relations when a user is trusted by many other users and decreased confidence when a user trusts a lot of other users. In this study, users' social information can be captured like the following.
Where is the predicted social relations and Z ∈ℝ !×! is the factor feature matrix. With the assumption that the users' preferences can be learned from both rating and social information (i.e. user latent feature matrix P is used to predict user-to-item matrix and social relation matrix ), the authors minimized the sum of the squared errors using the following objective function.
In this study based on Epinions.com data set and the trust-based social links, !" ! is the social weights indicating that, if a user u trusts another user v, it equals to 1; otherwise, it equals to 0, and T U is the set of users whom a user u trusts.
Ensemble Methods
Ensemble methods aim to predict users' missing ratings using a linear combination of ratings from the users and their social links. Social Trust Ensemble [78] proposed by Ma et al. belongs to this group. In the study, the authors suggested to predict users' ratings using the following equation by including both the target user u's predicted ratings on the candidate item i and the weighted sum of predicted ratings for the item i from all of user u's social links. The power of social links' ratings on the final prediction for the item i can be controlled by the parameter α.
In this situation, the training objective function to minimize the sum of the square error can be expressed by the following equation:
Regularization Methods
Regularization methods attempt to guide the matrix factorization process by keeping users' preferences as close as possible to their friends' preferences. The majority of matrix factorization-based approaches reviewed in Table 12 .3 belong to this group -SocialMF [54] , Social Regularization [81] , CircleCon [137] , PWS [132] , De Meo's [29] and RSboSN [116] . Social Regularization proposed by Ma, et al. [81] is a regularization method to consider the tastes of target users' friends differently depending on the similarity with the target users.
where !,! is the information similarity between user u and v and the parameter β is to control the impact of social information [81] . The study tested two versions of the algorithm by calculating !,! as either vector space similarity or Pearson correlation coefficient (see equation 1). The results showed that the Pearson correlation coefficient was a better choice.
SocialMF [54] incorporated the mechanism of trust propagation in matrix factorization. Based on the social influence theory, the authors suggested that a latent feature vector of a user should be dependent on all latent feature vectors of all his direct neighbors. We can make a target user's latent feature vector dependent on all direct and indirect social links with decay weights for distances between the corresponding target user and his social links by minimizing the following expression after normalizing each row of the social matrix S to 1 [54] .
CircleCon modified the SocialMF model to take into account the social influence according to item category. In this project based on Epinions.com data, the authors divided users' trust-based social links into sub-networks according to the category of their rated items. Then they trained separate matrix factorization model for each category as the following objective function [137] .
Eq.17
Graph-Based Recommendation Approaches
While graph-based recommendation approaches have been originally explored for traditional recommendations, they become especially popular in the area of social link-based recommendation because social links could be most naturally represented as a social graph. Among the projects reviewed in Bellogín, et al. [8] suggested a social recommendation approach based on users' friendship network using Breadth-First Search algorithm. As the comparison, the authors also fused users' reviewed item lists with users' friendship network to compute 'Random Walk' and 'Random Walk with Restart'. According to the empirical evaluation, the proposed social recommendations produced more accurate suggestions than conventional CF recommendations and the 'Random Walk' and 'Random Walk with Restart' algorithm [8] (for the detailed information about the 'Random Walk' and 'Random Walk with Restart', refer to [123] ).
As a way to integrate two different types of recommendations together -trustbased recommendation and item-based collaborative filtering -Jamali and Ester used a random walk model, so-called 'TrustWalker' [52, 53] in the context of Epinions.com data set. Their proposed algorithm starts with random walk on the trust network. Among a target user's directly trusted connections, the algorithm finds raters of a given candidate item. If there is any rater of the item, the rating value is returned; otherwise, the algorithm expands the search to trusted users of the directly trusted links. This process continues recursively until rating values of the candidate is found among a target user's direct and indirect trusted links. However, in order to prevent walking too far in the trust-based network, if directly or indirectly trusted user rated an item which is quite similar to the candidate item and the similarity weighted by the distance is above a certain threshold, the algorithm stops the walking and returned the ratings of similar item [52, 53] .
In contrast with other random walk-based approaches which literally select the steps of each walk randomly, Deng, et al. [31] proposed a different random walkbased recommendation approach -so-called 'RelevantTrustWalker' -that chooses the next movement according to trust statement and information similarity (i.e. trust relevancy). The information similarity was calculated specifically based on latent vectors computed by matrix factorization. In Konstas, et al. [65] and Wang, et al. [130] , the authors expanded the trust network graphs by including additional types of nodes and links. Konstas, et al. [65] used a graph that included not only users' online friends, but also their favorite music and the social tags. The edge value of user-tomusic relations was the play-count numbers of songs and the edge values of users-totags relations was the frequency of the users' tag usage [65] . Wang, et al. (2013) used a graph having both users' direct friends and their anonymous peers [130] . Both studies [65, 130] applied the 'Random Walk with Restart' algorithm' to the constructed graphs.
Advanced Hybrid Recommendation Approaches
In spite of the various problems of the conventional collaborative filtering reviewed in the section 12.3.1, its simple but powerful performance still catches a lot of attentions. As one effort to leverage the power of collaborative filtering recommendations while also using benefits of social link-based recommendations, several researchers have explored hybrid recommendation approaches by fusing users' online social links with collaborative filtering. Simple hybrid recommendations are common, some times people prefer to explore more advanced hybrid recommendation approaches. As mentioned before, hybrid
In developing their social link-based recommendation algorithm, Gürsel and Sen [49] emphasized that users have different preferences for their friends on different topics of interests. In the study using by Flickr dataset, Gürsel and Sen classified Flickr photos into ten categories via users' social tags. Specifically, the authors composed topical dictionary of social tags for each category and calculated the probability of how much social tags of an item are associated with each topical dictionary. Then the authors counted how many times a target user commented on his friends' photos, which belong to one of the ten categories, and calculated the probability of the target user liking an item posted by one of his friends using Bayes Theorem. This study interpreted users' comments on photos to mean their interests on the photos; hence they are positive feedbacks. In the empirical evaluations, the performance of the proposed social network-based recommendation algorithm was significantly better than content-based recommendations using users' social tags and random sampling-based recommendations in the perspective of precision and recall [49] . This study contributed to a better understanding of social link-based recommendations by substantiating how to incorporate users' topical preferences on social peers into information personalization.
Several hybrid recommendation studies have fused users' social context with content-focused metadata such as social tags or text descriptors of items. In social media-related studies, especially researchers have paid significant amount of attention on social tags. It is because social tags are usually considered as users' cognitive descriptors about tagged items, form collective intelligence and have a lot of implications for various information access-related tasks.
Guy et al. [50, 51] utilized both online social networks and social tags as information source to generate recommendations. In these studies based on a company's social application suite, users are able to manage and share various social media items such as web sites of interests, wiki pages, blogs, files and communities of interests. Users add social tags not only on those social media items but also on other users. As a user's social links, for instance via organization HR chart, bookmarking and social tagging activities, etc., the system gathered various types of links (e.g. friends, colleagues, other users who assigned tags on the same target users, commenters of users' bookmarked items, etc.). Social tags that a user assigned on items or were assigned on him by other users were aggregated, as text descriptors about his preference. The results demonstrated that both sources are valuable to increase the quality, to reinforce the diversity and to suggest the explanations about recommendations.
Pera and Ng [98] introduced a hybrid approach fusing metadata properties of books with users' social context. First in order to choose candidate books to recommend, social tag-based content similarities between the candidate books and target users' favorite books were counted, rather than the similarities of contents derived directly from the books (such as from the titles, abstracts or the authors" names). In the subsequent process, they aggregated the ratings of the candidate items given by target users' friends rated. They also computed how the friends' tastes are similar to target users'. In the experiment using LibraryThing, they contrasted social link-based recommendations with the collaborative filtering recommendations provided by Amazon and content-based recommendations provided by LibraryThing, as baseline. As the result, the quality of the hybrid recommendations combining metadata information and friend relations was better than other two baseline approaches in terms of precisions and ranks.
Carrer-Neto, et al. [21] proposed another type of hybrid recommendation approach rooted on a domain knowledge base and users' social networks. In the study exploring the practice of movie recommendations, various kinds of metadata, such as genre, producer, actor, director, location, award, etc., were considered to build user preference models and when predicting favorable items, the recommender system took into account not only a target user's preference model but also his social links' models. However, exploitation of social links' preferences deteriorated the recommendation quality. This study gave us a hint that users' sociality is not a onesize-fits-all solution for improving all kinds of recommendations, and it is critical to choose a right way to fuse the sociality in personalized recommendations. Evaluation is an important aspect of research on recommender systems. A serious attention to evaluation enables the field to prosper and mature through the development of gradually better and more powerful approaches. In this book, a detailed coverage of various approaches used to evaluate recommender systems is offered in Chapter 10 [61] . Instead of duplicating this information, this subsection attempts to provide a brief summary of evaluation approaches used for social linkbased recommendation and to attract attention to a relative lack of user-centered approaches. Figure 12 .6 summarizes evaluation criteria used in studies reviewed in Table 12. 3. As the figure shows, evaluation of existing social link-based recommendations is predominantly focused on objective quantifiable measures collected through automatic data-driven evaluation. The assessed categories include predictive accuracy (i.e. Mean Absolute Error (MAE), Root Mean Squared Error (RMSE)), classification accuracy (Precision, Recall, F-Measure, etc.), ranking (Spearman's rho, Kendall's coefficient, Normalized Discounted Cumulative Gain (NDCG)), coverage, and efficiency [106] . There are very few efforts to understand users' subjective opinion about social link-based recommendations. In other words, users' prospects in relation to social link-based recommendations are rarely considered. Among the 36 studies reviewed in Table 12 .3, only four studies engaged human subjects into evaluation process. In particular, none of the trust-based recommendations was assessed through human subject studies. As one of the early efforts, Sinha and Swearingen [111] explored users' subjective and qualitative perceptions of recommendations. To compare the quality of direct friend-to-friend recommendations and machine-generated recommendations, the authors measured various qualitative evaluation criteria including users' psychological burden of efforts to initiate their recommendations (the amount of data users have to input into systems to receive recommendations), time to receive recommendations, perceived usefulness and trustworthiness, and other interfacerelated issues of recommendations and explanations, such as ease of use, navigability, color schemes, etc. In the field of recommender systems, there are a number of commonly recognized subjective quality measures such as novelty, serendipity, confidence [105] , perceived usefulness, trustworthiness [101] , etc. Unfortunately, there are too few user studies of social link-based recommendations to reliably determine the user-perceived value of these approaches. For instance, one study suggested that social link-based recommendations deliver more novel recommendations than collaborative filtering [46] but another study suggested the opposite [110] . We believe that, the next generation of research on social link-based recommendations should pay more attention to subjective quality evaluation.
Problems and
There is also an insufficient volume of evaluations that examines to what extent social link-based recommenders address known problems in the field of recommender systems. As reviewed in the section 12.3.1, the work on social recommender systems was motivated to a considerable extent by several weaknesses of traditional collaborative filtering approaches. However, among these weaknesses only cold-start and data sparsity problems have been sufficiently addressed when evaluating social recommenders. Table 12 .3, Moradi & Ahmadian [92] is the only study which explored a broader variety of problems associated with traditional collaborative filtering including cold-start users, opinionated users, black-sheep users, controversial items and niche items. The authors were able to demonstrate that their social recommendations based on the nearest neighbor approach with the reliability weights calculated by users' trust-based social links succeeded to address these problems.
Explanations of Social Link-based Recommendations
An important advantage of recommendation based on social links is a better ability to explain how recommendations are generated and why a specific item is recommended. The ability to understand the recommendation process and individual recommendation has been recently recognized as highly valuable and the work on explaining recommendations emerged into an important stream of research [122] . Considering highly complex mathematical computations and the black-box process of most modern recommendation approaches, in general, it is really hard to deliver reasonable and persuasive explanations. In contrast the very nature of social linkbased recommendations based on users' self-defined social links makes social recommendation relatively easy to explain and comprehend. While at the moment, only a fraction of research on social recommendation explore explanation approaches and the value of explanations, it is certainly a promising direction to pursue.
The most natural and explored explanation approach in the area of social linkbased recommendation is connecting each recommended item with the target user's social connections that were used to select it. Bourke and the colleagues [17] executed an experiment to compare users' acceptance of recommendations with or without the explanations about the source of their recommendations. In the study with Facebook users, the authors suggested favorable Movie/TV shows according to the tastes of the participants' online friends. The results showed that participants gave significantly higher ratings, when they could see the sources of their recommendations [17] . The series of works by Bonhard and the co-authors [12, 13] and another work by Guy and his team [50] also positively proved that recommendation explanation is a power means to increase user satisfactions and acceptance rate of recommendations.
Knijnenburg, et al. [63] explored a more extensive explanation approach based on an interactive visualization. Main goal of this work was to develop a visualization that the whole process of social recommendation make transparent, explainable, and controllable. It is also to investigate whether users' perceived inspectability and controllability increase positive impressions about their recommendations. In their visual interface that was originally applied for music artist recommendation in Facebook context, the authors used an interactive graph (Figure 12 .1) to transparently display the sources of their recommendations to the recipients. The left side graph is target user's favorite artists and by clicking at entities on the graph, the system shows how the recommendations of the right side list generated. For instance, in order to recommend 'Guns N' Roses', 'Nirvana' and 'Avenura' to this target user, the recommender system considered not only target user's tastes about 'Queen', 'Prodigy' and 'Metalica' but also preferences of his friend Zlatina. This transparency of recommendations was designed to increase the inspectability. The authors also enabled controllability by allowing the users to interactively adjust the weight of both, their favorite artists and their friends. The questionnaire-based evaluations with 267 Facebook users showed that both inspectability and controllability have a positive effect on the user experience: increased understandability and improved perception about recommendation quality. Later the authors attempted to generalize this visual recommendation approach applying it to other recommendation areas such as job recommendation [15] . 
Cross-system and Multidimensional Online Social Networks
Due to the explosive popularity of online social networking systems (SNS), users have been enjoying a plethora of online social networks. Even though online users already have been participated in miscellaneous SNSs, unique features and functionalities of newly emerging SNSs entice users into joining another. However, the current teeming SNS market has raised several problems. Along with addiction to SNS, violation of privacy, cyber bullying and spread of malevolent information, there is 'walled garden' problem [139] . The problem indicates that users' profiles and online social network information exclusively exist on one SNS, and are not shared with other systems. Hence, users' online profiles, shared information and social connections are scattered across many different SNSs, and it worsens information glut problem. In order to stay socially active, users have to interact with different subsets of online friends on different SNSs. Even though studies like Subrahmanyam, et al. [115] insisted that online users take advantage of various SNSs to strengthen different aspects of social networks, it evidently makes online users overloaded.
The scattering of online profiles and social networks across several SNSs also cause cold-start user problems. In one system, a user might have diligently established connections and shared interesting information for a considerable time. When she moves to another system, however, all this information collection is ignored and she needs to start again with an empty profile. To cope with this problem, several efforts have been proposed. Vu et al. [128] also introduced an exemplary system to aggregate a variety of users' social data -e.g. users' textual comments, their friends and groups information and online profiles -into one framework and to utilize the gathered data in personalized information filtering or sharing. However, the paper proposed a conceptual framework and did not yet assess the viability of the proposed personalization approach empirically. Even though the main purpose was to recommend friends, not the items of interests, De Meo et al. [29] .also focused on the societal nature of human beings where people participate in more than one social network (e.g. a person is a part of his kinship-based networks, friendship-based social networks, professional social networks, etc.).
As commercial solutions, social network/social data aggregation services -for instance, FriendFeed, Hootsuite, Flock, Postano, Alternion, etc. -are in operation to sweep and organize data spread over multiple SNSs. However, all of these efforts are still in dawning stage. Therefore, it is too early to expect that the aggregated social networks across multiple SNSs have been used in personalizing users' information access. Even so, personalized recommendation based on multi-SNS social networks is a promising and necessary direction to pursue.
On the other hand, existing social link-based recommendation approaches are not quite ready to operate with a variety of links imported from different social links. As shown in the Table 12 .1, the majority of existing approaches were developed to work with exactly one type of social links -although similar approaches are sometimes independently explored with different link types. To a large extent, it is related to the lack of datasets and systems that include multiple types of links -with no truly multidimensional data it is hard to evaluate approaches that use more than one link type. However, on several cases, different types of social connections within one system are available, yet frequently ignored in the current work. For instance, a number of social systems including Facebook enable their users to socially associate with other users not only via direct connections (i.e., friendship) but also via membership in the same group. Social media systems also provide users the functionality to separate online social links into multiple sets. Google Plus users, for instance, are able to define their connections as several separate groups such friends, family, acquaintances, colleagues and more. On some social media systems, we can even freely define and name different kinds of our online social links.
As the number of different social links that connect users across social systems as well as within a single system increases, it is becoming more and more important to develop social recommendation approaches that can work with many kinds of social links in parallel. Main problem in this context is the integration of different link types. Let's imagine a situation that our target user A is a friend of another user B and also is in a co-authorship relation with user C. If a social system can use both of these connection types, is it okay to simply use equal weights to both User B and C in order to generate recommendations for user A? Otherwise, how can we put different weights on multiple types of social links on a system so as to gauge target user A's preference? Kazienko, et al. [58] presented an early study of this topic. The authors built multidimensional social networks based on users' various activities on Flickr photo sharing system and used the multidimensional network in personalized recommendation. They established and used five kinds of social connections -one direct social network derived from users' contact list and four indirect object-centered social connections inferred by their behaviors on Flickr (two users added tags on the same items, joined the same group(s), marked one another's photo(s) as their favorite, and commented on the same items.). The value representing the strength of each link was calculated and added separately. This study provided insights on generating personalized recommendations based on multidimensional social networks.
Privacy of online social networks
Due to the cheap and easy communication tools, social media users have enjoyed the opportunities of meeting new friends, expanding online social networks, gaining new and relevant information, propagating their opinions and so on [47] . In order for users to leverage from these values of online social media, they have to provide and gradually expand their personal information in the form of 'user profiles'. Most social media systems ask users to share personally identified or identifiable data including personal histories such as academic or professional affiliations, personal traits and tastes, information preferences, etc. with other users. However, the fun, useful and innovative nature of social media frequently makes the users to ignore various risks about revealing their personal and social information online. Several studies [47, 1, 104] reported that online users are becoming more and more conscious and protective about their privacy. A study conducted in 2005 [47] used a sample of 4540 users who shared identifiable names, phone numbers, personal images and characteristics (e.g. current residence, dating preferences and relationship status, political views and various interests). Among them, only three users changed their profile visibilities and only 1.2% of them changed their privacy settings. However, in another study conducted on 2011 [33] , 33% of 1.5 million users changed their profiles as private. Despite of the remarkably increased recognition of privacy among SNS users, there are reportedly some technical leakages out of users' reach like so-called 'silent listeners'. Third-party applications and online advertisers can take advantage of users' profile information without users' explicit consent [112] . Even in cases when a system enables a reliable privacy protection and a user enables it, it is might not sufficient since a user still remains a weakest spot in the system. A striking case reportedly showed how easily online profiles could be compromised. A college student wrote a computer program to send friend request messages systematically to 250,000 American Facebook users, and one third of them accepted the friend requests [57] . It is reasonable to assume that some ill-purposed users could do the same job and access our private information as our pretended online friends. The invaded user profiles can, of course, put users at a variety of risks and attacks [67] .
In this book, an extensive treatment of privacy issues in the context of Social Information Access is provided in the Chapter 2 [62] . Main goal of this section is to focus on the issues that specifically connect social recommendations and privacy. Indeed, because social link-based recommendations rely strongly on users' social links to suggest favorable items, it has been recognized that the availability of social link-based recommendations might add additional challenges to the problem of privacy in SNS. For instance, a user shopping history, which is generally hidden even from friends, could be leaked to her friends through social link-based recommendations. Worse, our distrust in some friends (which we might not be eager to reveal) could be leaked out implicitly as a part of the social recommendation process. The issues of privacy in social recommendation are gradually becoming more critical causing some researches to focus on privacy-sensitive recommendation approaches. In some cases social recommendation approaches might have to be modified to ensure a desired level of privacy, in other cases new approaches should be developed to address privacy concerns. A pioneer work of Machanavajjhala et al. [83] investigated the correlation between recommendation accuracy and the degree of privacy preservation and substantiated that good and private recommendations are really hard to implement via Wikipedia and Twitter dataset. However, their study aimed to recommend social links to connect, not information items or products.
Conclusion
This chapter focused on a specific information personalization technology in the context of Social Information Access: recommending relevant information items using explicit user-defined social links. Social links is an important kind of socially contributed information and its use for generating recommendation is currently the principal approach to leverage the power of this information for better information access. The goal of this chapter was to provide an extensive overview of current research on social recommendations while specifically emphasizing "how to" issue, i.e., recommendation algorithms. We started with a brief overview of problems associated with traditional collaborative filtering and as well as arguments in favor of using social links for recommendations. We also presented the background rationales about online social dynamics and various branches of social recommendations. We classified and reviewed existing social link-based recommendations according to the kinds of social networks used in recommendations, target applications/data sources, recommendation algorithms, and evaluation criteria. We also reviewed and explained main classes of recommendation algorithms used in social recommendation: direct friend-to-friend recommendations, nearest neighbor recommendations, graph structure-based recommendations, matrix factorization techniques. We also separately reviewed hybrid recommendations that attempt to fuse one or more recommendation approaches with social link-based recommendation. Lastly, we discussed several emergent issues or social recommender systems connecting it with the areas of future research and possible improvements of social recommendations.
